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ABSTRACT: A principal contributor to soil erosion and nonpoint source pollution, agricultural activities have a
major influence on the environmental quality of a watershed. Impact of agricultural activities on the quality of
water resources can be minimized by implementing suitable agriculture land-use types. Currently, land uses are
designed (location, type, and operational schedule) based on field study results, and do not involve a science-based
approach to ensure their efficiency under particular regional, climatic, geological, and economical conditions. At
present, there is a real need for new methodologies that can optimize the selection, design, and operation of agri-
cultural land uses at the watershed scale by taking into account environmental, technical, and economical consid-
erations, based on realistic simulations of watershed response. In this respect, the present study proposes a new
approach, which integrates computational modeling of watershed processes, fluvial processes in the drainage net-
work, and modern heuristic optimization techniques to design cost effective land-use plans. The watershed model
AnnAGNPS and the channel network model CCHE1D are linked together to simulate the sediment and pollutant
transport processes. Based on the computational results, a multi-objective function is set up to minimize soil
losses, nutrient yields, and total associated costs, while the production profits from agriculture are maximized.
The selected iterative optimization algorithm uses adaptive Tabu Search heuristic to flip (switching from
one alternative to another) land-change variables. USDA’s Goodwin Creek experimental watershed, located in
Northern Mississippi, is used to demonstrate the capabilities of the proposed approach. The results show that the
optimized land-use design with BMPs using an integrated approach at the watershed level can provide effi-
cient and cost-effective conservation of the environmental quality by taking into account both productivity and
profitability.
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INTRODUCTION

In recent decades, there has been a growing con-
sensus that an integrated planning and management
effort at the watershed scale is needed for achieving
long-term sustainability of agriculture and rural com-
munities (Fulcher, 1996). This has led to a renewed
interest in Integrated Watershed Management
(IWM), which was first introduced by the National
Water Commission in the United States (U.S.) in
1968 (Bulkley, 1995). IWM can be defined as ‘‘A
method to encompass and coordinate all of a water-
shed’s potential uses, services, and values in manage-
ment decisions and regulatory activities rather than
attempting to maximize selected resources or regu-
late individual pollutants’’ (Ballweber, 1995).

One of the most important components of the IWM
is the agricultural land-use planning. Land-use plan-
ning not only plays an important role in the social
and economic development of the watershed, but also
directly influences various environmental processes
such as soil erosion in upland areas, sediment and
nutrient loadings into streams, water quality and
stream morphodynamics. It is well recognized that
the land-use planning has a major impact on the
morphodynamics and water quality of the streams.
One of the major contributors to degradation of sur-
face and ground-water quality, the agricultural non-
point source (NPS) pollution, in the form of sediment,
nutrients and pesticides contributed by farmlands, is
also determined by land-use planning and manage-
ment practices (Srivastava et al., 2002).

To mitigate NPS pollution, the U.S. Congress
amended the federal Clean Water Act (CWA) in 1972,
1977, and 1984. As part of these governmental regu-
lations, implementation of best management practices
(BMPs) emerged as one of the effective methods to
control NPS pollution (Veith et al., 2003; Zhen et al.,
2004). These BMPs range from structural measures,
such as contours, terraces, stormwater detention
basins, to nonstructural practices, e.g., conservation
tillage, crop rotation, and integrated management of
pesticides.

Despite these developments, the current practice
does not yet include a widely accepted methodology
to include the water quality component (Wang, 2001)
in land-use planning. The NPS management strategy
uses a three-step procedure: critical area identifica-
tion, BMP selection, and area-wide comprehensive
planning. Currently, the suitability or effectiveness of
a BMP is determined by monitoring or modeling (for
example with AnnAGNPS or SWAT) pollutant levels
before and after BMP implementation (Gilliam, 1994;
Lin et al., 2002). However, implementing a large
number of locally designed BMPs without proper

consideration of the entire watershed response may
not be cost effective and may lead to redundancies. It
is also difficult to comply with regulations in place or
meet legal and cost sharing requirements when
BMPs are designed based on local considerations.

Effective watershed management requires an
understanding of basic hydrologic and biophysical
processes in the watershed. A number of simulation
models at the watershed scale have been developed
to evaluate water quality parameters affected by
agricultural practices. In streams, engineers use
hydrodynamic models to evaluate sediment aggrada-
tion ⁄ degradation, pollutant transport. In addition,
recent advances in mathematical optimization tech-
niques opened up new paths to explore for selecting
optimal scenarios in water resources management.
When faced with several alternative management
options, these techniques can significantly enhance
the quality of the decision-making process. A newly
developed solution approach, which efficiently inter-
faces a watershed model with an optimization tech-
nique, usually provides better results than using
them individually. Some system-based research
involving selection of the most suitable design from a
pool of scenarios at the watershed scale has been con-
ducted to guarantee the cost-benefit effectiveness of
the solutions over a long time period (Srivastava
et al., 2002; Harrell and Ranji, 2003; Veith et al.,
2003; Cerucci and Conrad, 2003,; Zhen et al., 2004).
Among these researches, Genetic Algorithm (GA) was
chosen as the primary optimization technique, as it
provided better BMP placement scenarios with regard
to reducing NPS loadings and cost than randomly
assignment of BMPs. However, from the modeling
concepts and practical application point of view, GA
has the following drawbacks and shortcomings:

1. GA requires defining a representation of the opti-
mization problem, i.e., a genome in GA’s termi-
nology. Success of the GA is dependent on an
appropriate problem representation. For the
land-use planning and BMP placement problem,
this process involves creating representations of
cropping and management practices for every
field in the watershed. For example, Srivastava
et al. (2002) used a two dimensional binary string
to represent 15 different cropping and manage-
ment practices on a 45-cropland watershed. The
total bits of these two dimensional strings
amount up to 45 · 4 = 180. As the alternative
cropping and management practices and the field
number increases, the definition process becomes
complicated and takes lot of computer time and
memory to store those representations. Also, this
process is highly problem-specific and cannot be
readily applied to other problems.
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2. For GA to work, a genetic operator which
involves three primary components – initializa-
tion, mutation, and crossover – must be defined.
A number of parameters for those components,
like the mutation rate, replacement probability,
and solution fitness, should be fine-tuned so as to
get satisfactory results. For a large size problem,
this process can be extremely difficult and very
time consuming.

3. GA requires multiple start solutions and the
number of these randomly generated solutions
should be equal to, or even greater than the
dimension of the problem. To represent the most
general cases and reflect the characteristics of
the search space, the multiple starting solutions
should be designed diversely and distributed uni-
formly in the solution spaces. Previous research-
ers suggested using hypothetical randomly
generated land-use scenarios as multiple initial
solutions, but it turned out later that this may
not yield good optimization results as the dimen-
sion of the problems increased.

4. The selection process of GA emphasizes on ran-
domness rather than responsive explorations. As
Zhen et al. (2004) pointed out, GA is based on a
probabilistic heuristic search approach rather
than deterministic search rules. Sometimes this
randomness can lead to a near optimal solution,
but other times the convergence rate maybe very
low and even divergent.

The alternative approach proposed in this study
integrates computational modeling and modern heu-
ristic optimization techniques, and offers a new
method of effective land-use planning with BMP
design at the watershed scale. This approach uses an
integrated watershed and channel network model to
simulate sediment and pollutant transport processes.
The calculated results are then used to set up a
multi-objective function to simultaneously minimize
soil losses, nutrient yields and the implementa-
tion ⁄ maintenance costs, and to maximize the produc-
tion profits from agriculture. The solution procedure
involves the use of Tabu Search (TS) heuristic to flip
land-use change variables. The use of a set of binary
variables is a new and novel approach of formulating
such a complicated problem, and the TS heuristics
overcome some of the difficulties encountered when
applying GA in land-use planning and BMP place-
ment problems. The proposed approach is designed in
modular fashion, which allows for easy component
adjustment and modification while maintaining the
basic conceptual framework. Application to a case
study in USDA’s Goodwin Creek watershed located in
Northern Mississippi demonstrates that the opti-
mized land-use plan using an integrated approach

can provide cost-effective conservation of the environ-
mental quality.

WATERSHED MODEL – ANNAGNPS

AnnAGNPS is a watershed simulation tool developed
jointly by USDA-ARS and NRCS to aid in the evaluation
of long term, hydrologic and water quality responses
to agricultural management practices (Cronshey and
Theurer, 1998). The model analyzes a watershed sub-
divided into suitably small cells of homogeneous land
use, land management, and soil types. These cells are
all hydrologically connected by a dendritic river network
leading to a single watershed outlet.

AnnAGNPS is a batch process, distributed parame-
ter, continuous simulation model with daily time
step. It uses Revised Universal Soil Loss Equation
(RUSLE) to simulate surface runoff and erosion, and
also determines the pollutant loadings from land sur-
faces. Runoff quantities are calculated based on run-
off curve numbers. In general, the pollutant loadings
exist in two phases: dissolved (solution) in the surface
runoff and attached (adsorbed) to clay size particles
resulting from sheet and rill and from gully erosion
carried into the stream system by the surface runoff.
AnnAGNPS can also assist in determining BMPs,
total maximum daily load (TMDLs), and can be used
for risk, cost, and benefit analysis.

CHANNEL NETWORK MODEL – CCHE1D

CCHE1D is a general purpose one-dimensional
channel network model developed by National Center
for Computational Hydroscience and Engineering
(NCCHE) at the University of Mississippi. It is cou-
pled with AnnAGNPS to simulate flows and sedimen-
tation processes in dendritic channel networks. The
CCHE1D model can simulate unsteady and nonequi-
librium fractional sediment transport, bed aggrada-
tion and degradation, bed material composition, bank
erosion, and the resulting channel morphologic
changes, and it overrides the simpler channel routing
module of AnnAGNPS.

The water quality module (Vieira, 2004) can com-
pute transport and fate of general pollutants, nutrient
dynamics, and water temperature based on the load-
ings obtained from AnnAGNPS by means of a results
file. CCHE1D model has been extensively verified and
validated. Wang et al. (2002) presented some applica-
tions of the model. The reaction kinetics of nitrogen
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and phosphorus in CCHE1D can be modeled in two
ways. One is using multiple state varibles, like partic-
ular organic nitrogen ⁄ phosphorus, dissolved organic
nitrogen ⁄ phosphorus, ammonia nitrogen, nitrate
nitrogen, and total inorganic phosphorus. The other
one is modeling them as single state varibles, namely,
total organic nitrogen and total organic phosphorus.
The second approach was chosen because these varib-
ales are sensitive to land-use changes than the single
varibales in the current case studies.

A FRAMEWORK FOR OPTIMIZATION
OF LAND-USE PLANS

The optimal land-use design at watershed scale
requires minimizing or maximizing several objective
functions simultaneously under a set of defined con-
straints, which may involve equality, inequality, and
variable bounds. Mathematically, this can be
described as a vector optimization

Max
x2C

or Min FðxÞ ¼ f1ðxÞ; f2ðxÞ; . . . ; fnðxÞ½ �

with n � 2;C ¼ x : gðxÞ � 0 or >0; a � x � bf g
ð1Þ

It is highly unlikely that a given combination of
design parameters can maximize (or minimize) all the
objective functions, f1ðxÞ; f2ðxÞ; . . . ; fnðxÞ, at the same
time. Therefore, a tradeoff between the objectives
becomes necessary. Various methods have been pro-
posed to solve such vector optimization problems. One
of the commonly used methods is to combine these
multiple objective functions into a single optimization
function, F(x). This operation is not trivial, and can be
quite challenging when the individual objective func-
tions have different units and magnitudes (Veith
et al., 2003). This difficulty can be overcome by nondi-
mensionalizing objective functions, and by rescaling
their magnitude to fit within a common range.

The present research focuses on the land-use plan-
ning in agricultural watersheds, for which two objec-
tive functions are defined: environmental score and
economical score. The first objective function, fp, called
environmental score, evaluates the sediment and pollu-
tant concentration levels in the streams, which depend
on the yields (water, sediment, pollutants, and nutri-
ents) coming from the agricultural fields. The yields
and the concentration levels should be calculated using
appropriate simulation models. The second objective
function, fe, called economical score, evaluates the net
economical benefit based on the implementation and

operational costs of land, and the production benefits
from agricultural activities. These are calculated based
on the land-use plan, the BMP implementation
scenario, and the available economic data.

The proposed multi-objective decision making
(MODM) framework for optimal agricultural land-use
planning is depicted in Figure 1. First, the integrated
modeling system including a watershed model, a
channel network model, and an economic model is
launched with the current land-use configurations.
Computational results of sediment yield and pollu-
tant levels from channel network model at key loca-
tions are recorded, as well as the total cost ⁄ benefit
from such land-use scenario. The decision maker then
formulate their objective functions from those com-
puted results, along with various constraints concern-
ing physical, social, and environmental issues, also
with land owner’s preferences into a multi-objective
optimization problem. The stakeholder can also
attach their weighting factors to assign relative
importance among objectives. By using a solution
technique involving the use of metaheuristic optimi-
zation methods, land-use changes will be made and
new land-use scenario will be generated and simu-
lated. This process follows an iterative manner until
the satisfactory land-use plans are obtained.

MULTI-OBJECTIVE FUNCTION AND
CONSTRAINTS

The computational results from CCHE1D model,
i.e., the sediment, pollutant, and nutrient values are

FIGURE 1. Multi-Objective Optimization
Framework of Land-Use Planning.
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used to define the environmental score. Generally
there are multiple pollutants of interest that we
would like to control, a unique pollutant-targeting
criterion can be set for each pollutant and the indi-
vidual environmental scores weighted against each
other in terms of importance. The weighting factors
should be fractions adding up to 1. The weighted
individual environmental scores pi are combined by
the following equation to create a single total pollu-
tant score fp.

fp ¼

PNi

i¼1
bipi

PNi

i¼1
bi

; ð2Þ

where i is index of pollutant considered, 1 < i < Ni

and Ni is total number of pollutant, pi is environmen-
tal score of individual pollutant i, the weighting fac-
tors bi is the relative importance of each pollutant in

the overall environmental score. Note that
PNi

i¼1
bi ¼ 1.

In the watershed, several key locations
k = 1, 2,…K can be selected. For each site, a weight-
ing factor xi,k can be defined for each pollutant i.

Note that
PNk

k¼1
xi;k ¼ 1.

The environmental score for a single pollutant, pi,
is calculated from Equation (3)

pi ¼
XNk

k¼1
xi;k

PNk

t¼1
pi;k;t

PNk

t¼1
p�i;k;t

0
BBB@

1
CCCA; ð3Þ

where t is index of simulation time step, 1 < t < Nt

and Nt is total number of time steps, pi,k,t is loadings
of pollutant i at site k at time t, p�i;k;t is baseline sce-
nario loadings of pollutant i at site k at time t. For
some land-use scenarios with BMPs, the pollutant is
reduced from the baseline scenario, that is, pi changes
from 1 to 0. Otherwise, pi may be greater than 1.

The economic module is used to evaluate both agri-
cultural production cost ⁄ benefits and the BMPs
implementation ⁄ maintenance costs (i.e., the net bene-
fits). It is calculated from the baseline scenario, which
is the current land use and management configura-
tion of the watershed

fb ¼
XNL

l¼1
AlBmYm �

XNL

l¼1
AlðOCmÞ; ð4Þ

where fb is the base line economic return for the cur-
rent land-use scenario in the watershed; l is land unit
identification index in the watershed, l = 1, 2, 3,…Nl

and Nl is the total number of land units; m, is current
land-use option index, m = 1, 2, 3,…M; Al is area of
field l in ha; Ym and Bm are the actual crop yield and
production returns for land-use type m, in bu ⁄ ha and
$ ⁄ bu, respectively; and OCm is the total operational
cost for land-use type m (which contains direct cost,
fixed cost, irrigation cost, BMP cost etc.), in dollars.

The economic score, fe, after land use and BMP
changes for the watershed is calculated a set of bin-
ary variables, using the following equation:

fe ¼ fb þ
XNl

l¼1
yl;m;nAl ðBnYn � BmYmÞ � ðOCn �OCmÞ½ �:

ð5Þ
n is the future land use option index, n ¼ 1, 2, 3, …, N;
where yl,m,n is binary variable indicating whether
land-use changes from type m to type n in land l,
yl,m,n in; {0, 1} and m „ n, in the above equation, only
nonzero yl,m,n are considered. Note that

XM
n¼1
n6¼m

yl;m;n � 1; l ¼ 1; 2; . . . ;Nl; ð6Þ

which states that any land can have at most one
land-use change from type m to n (i.e., yl,m,n = 1, or
no land-use change, yl,m,n = 0) (Qi et al., 2005).

The multi-objective function, F, is constructed by
combining the environmental and economical scores
in the following Equation (7). It was designed to max-
imize the pollutant reduction rate, while at the same
time there were slight penalty associated with the
decrease in net return. The use of the exponential
term has been proved to produce better results than
simple additive method of adding individual objective
functions (Srivastava et al., 2002)

Max F ¼ ð1� fpÞ exp½se ðfe � fbÞ�; ð7Þ

where se is a constant that scales the strength of the
cost constraint. For the present study, a value of
se = 5 · 10)4 is found to be most suitable. For other
applications, this constant value should be defined to
scale the objective function values adequately. Note
that the exponential term exp½se ðfe � fbÞ� in the equa-
tion becomes slightly greater than 1 when (fe ) fb) is
positive (net economic gain, favoring such land-use
plans), and less than 1 when (fe ) fb) is negative (net
economic loss, rejecting such land-use plans).

The multi-objective function is subject to two types
of constraints, policy constraints and water quality
regulations. One example of a typical policy con-
straint, as indicated by Equation (8), requires that
the total area for the land-use type m should be equal
or less than a target value, Tm, defined in hectares
for the entire watershed
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XNl

l¼1
Alð1�

XM
n¼1
n6¼m

yl;m;nÞ � Tm m ¼ 1; 2; . . . ;M ð8Þ

Other types of policy constraints may include the
following: the water quality regulations require that
the average annual pollutant loads at key sites
should be less than a maximum allowed value for
that site, as in Equation (9)

Li;k � Lmax
i;k i ¼ 1; 2; � � � ;Ni ; k ¼ 1; 2; � � � ;Nk ð9Þ

where Li,k and Li,k
max are the average and maximum

allowed annual loads for pollutant i at key site k.
Similar constraints may also be defined at any given
time to satisfy TMDL requirement.

In reality, not all the farmers will accept all land-
use types and BMPs, rather, they may have prefer-
ences for certain types over others. Their preferences
can be obtained by interviewing them and getting
their views (Gitau, 2003). To achieve a participatory
decision making framework, land owners’ preference
are also taken into account as constraints. Land
owner can rank possible land-use types in the order
of his ⁄ her preference

Ro;n � Ro;m; o ¼ 1; 2; . . . ;O;

m; n ¼ 1; 2; . . . ;M and m 6¼ n;
ð10Þ

where o is land owner index; o = 1, 2,…,O; Ro,m, Ro,n

are ranks assigned to land-use option m, n by the land
owner o. (The lower the number, the higher the rank.)

CONSTRAINTS HANDLING USING
MULTIPLICATIVE PENALTY METHOD

The general constrained optimization problem has
the following form as in Equations (11) and (12)

Max F ð11Þ

Subject to

gj � bj and=or gj � bj; ð12Þ

where F is the objective function, gj is the jth con-
straint, and bj is the constant constraint upper ⁄ lower
bound.

Generally, the optimization approach reformulates
the constrained problem into unconstrained one by
incorporating constraints into objective function. In
the traditional approach, which is referred to as the
Additive Penalty Method, a penalty cost that is
proportional to the total violation on each of the

constraints may be added to the objective function.
A newly developed approach, called Multiplicative
Penalty Method (Hilton and Culver, 2000), multiplies
the objective function with a factor proportional to
the total amount of violation. In this research, the
objective function multiplier that penalizes an infeasi-
ble solution, pen, is given by the linear function (13)

pen ¼ 1:0þ
XJ
j¼1

djmj; ð13Þ

where dj is the penalty weight for violating constraint
mj (mj > 0). The constraint violation is measured by

mj ¼ max 0;
gm � bm

gm

� �
; ð14Þ

for gj £ bj (less than or equal to) type constraints,
and

mj ¼ min 0;
gm � bm

bm

� �����
���� ð15Þ

for gj ‡ bj (greater than or equal to) type constraints.
When a solution satisfies constraints, mj is equal to

0; otherwise, mj is greater than 0 and increases as the
magnitude of violation increases. Note that mj takes
the range between (0, 1). For example, Equation (8)
can be transformed to the following form:

mj;m ¼ max 0;

PNl

l¼1
Al

� �
� Tm

PNl

l¼1
Al

0
BBB@

1
CCCA; m ¼ 1; 2; . . . ;M ð16Þ

The multi-objective function is now taking the fol-
lowing form:

Maxpen�exp knðIN=INmaxÞ½ � � F; ð17Þ

where IN is the iteration number, INmax is the maxi-
mum iteration number, and kn is a tuning parameter.
If a solution results in no violations in all the con-
straints, then pen�exp knðIN=INmaxÞ½ � is 1, and the objective
function value is equal to the original objective func-
tion value. If some of the constraints are violated, then
pen� exp knðIN=INmaxÞ½ � is less than 1. The objective function
value will decrease, as a less-than-one penalty factor is
multiplied to the original objective function value.

SOLUTION PROCEDURE USING TS HEURISTIC

The philosophy of TS is to derive and exploit a
collection of principles of intelligent problem solving
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(Glover and Laguna, 1997). As a memory-based heu-
ristic, TS draws from artificial intelligence concepts
(Glover et al., 1993; Swisher et al., 2000). Starting
with a single scenario, the basic form of the heuristic
uses gradient or neighborhood search techniques to
evaluate and compare scenarios. The process narrows
the search space by maintaining a dynamic Tabu list
of recent successful move scenarios. The Tabu list
helps prevent moves in nonimproving directions
so that successive scenarios become increasingly
optimal.

To use TS algorithm, the land-use optimization
problem is first modeled with set of binary (0-1) vari-
ables. TS guides a local heuristic search procedure to
explore the solution space. Here the local search pro-
cedure refers to search that uses an operation called
‘‘move’’ to define the neighborhood of any given solu-
tion. For example, in the current optimized land-use
planning problem, this move can be defined as flip-
ping the land change binary variable yl,m,n from 0 to
1 (or flip it back from 1 to 0), which indicates that
land-use change from type m to type n is taken place
in land parcel l (Figure 2).

As shown in Figure 2, if land l has current type
m = 1 and there are three future land-use options
(n = 2, 3, and 4), then there would be three binary
land change variables, namely, y1,1,2, y1,1,3, and y1,1,4

defined for land l = 1. If the future land-use is chosen
to be type n = 2, then y1,1,2 is set to 1, while y1,1,3 and
y1,1,4 all remain 0. All land-use change variables for
other lands are defined in the similar way. Table 1
illustrates this multi-flip TS algorithm designed to
search for the optimized land-use design.

However, in creating an efficient TS heuristic for a
particular problem type, the structure of the Tabu list
must be designed carefully to prevent premature
elimination of potential solutions (Veith et al., 2003).
Ideally, the memory process used by the search should
not only remember recent moves (short-term memory)
but also have some way of looking back into longer-
term memory and determining which patterns are
working and which are not. In the present approach,
a set of good solutions found so far are all stored.
When iterations reach a level where the overall objec-
tive function can no longer be improved, the search
algorithm looks for a previous solution farthest from
the currently visited region. This solution serves as
the initial solution for starting a new search in
regions that have not yet been visited. The distance
between solutions is calculated using the Hamming
distance (Vandeginste et al., 1998). The Hamming dis-
tance between two solution sets r1 and r2 is given by

dðr1; r2Þ ¼
XNl

l¼1

XN
n¼1

dðr1; r2Þl;m;n;

where dðr1; r2Þl;m;n ¼ 1; yðr1Þl;m;n 6¼ yðr2Þl;m;n;
dðr1; r2Þl;m;n ¼ 0; yðr1Þl;m;n ¼ yðr2Þl;m;n

ð18Þ

where d(r1, r2) is the Hamming distance between
solution sets r1 and r2. The greater d(r1, r2) is, the
further the solution sets (regions) r1 and r2 is. d(r1,
r2)l,m,n is the binary bit used to compare whether
yl,m,n is same or not for solution sets r1 and r2.

FIGURE 2. Binary Variables for Land-Use Change.

TABLE 1. Multi-Flip Tabu Search Algorithm for Land-Use Planning With BMPs.

Step 1
Initialization

Set all the land change variable yl,m,n to zero, run simulation model, and obtain objective function value Fo

for base line scenario; set the best objective function value Fb = Fo

Step 2
Random Start Solution

Randomly choose some fields and flip yl,m,n to 1. Evaluate the objective function value Fs. If Fs is better
than the Fo, keep yl,m,n values and set Fb = Fo; otherwise, repeat this step until an Fs better than Fo is
found

Step 3
Destruction Phase

Choose some nonzero yl,m,n that is not on the Tabu list, flip its value back to zero and obtain the objective
function value Fd. Repeat this procedure for certain number of iterations, and record Fd that does the least
damage to Fb. Set Fb = Fd, and use the corresponding yl,m,n to update the Tabu list

Step 4
Construction Phase

Choose some yl,m,n that is not on the Tabu list, flip its value to 1 and obtain the objective function value Fc.
If Fc is better than Fb, set Fb = Fc, and use the corresponding yl,m,n to update the Tabu list. Repeat this
procedure for certain number of iterations

Step 5
Stopping Criteria

If the stopping criteria are met, terminate the program and report the solution; otherwise, go back to Step 3
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By comparing the number of visited regions, it is
also possible to measure the coverage of the search
space. The higher this number is, the better the algo-
rithm is able to scan different regions of the search
space to locate a good solution. The whole procedure
repeats in an iterative manner until an optimal or
near optimal solution is found.

CASE STUDY FOR GOODWIN CREEK
WATERSHED IN MISSISSIPPI

The multi-flip TS algorithm developed in the present
study is applied to a hypothetical land-use optimiza-
tion study in the USDA Goodwin Creek experimental
watershed. Located in the bluff hills of the Yazoo River
basin in northern Mississippi, the Goodwin Creek
watershed has an area of 5,263 acre. It is instrumented
for conducting extensive research on upland erosion,
stream erosion and sedimentation, and watershed
hydrology. Currently, the total area of the watershed
is divided into agricultural exploitations (cotton and
soybeans), idle pasture, and forest. Land use and man-
agement practices, including row crops cultivation,
influence the rate and total amount of sediment and
nutrients delivered to streams (Vieira, 2004).

For this research, Goodwin Creek watershed was
first modeled using AnnAGNPS and CCHE1D. Both
models were calibrated using field data. TOPAZ is
used to define subwatersheds and channel network
from elevation data. Sixty-two agricultural fields
were chosen as designated land-use change areas,
and the remaining pasture and forest areas were left
unchanged. For each field, there are four options for

land-use change, ranging from corn, cotton, soybeans,
and small grains (a total of 462 possible scenarios).
The simulation results were stored at four monitoring
stations on the river. Figure 3 shows subwatersheds
defined by AnnAGNPS, the channel network used by
CCHE1D as well as the selected fields and monitor-
ing stations (derived from a LANDSAT7 remote sens-
ing image in 1987).

Historical climate data for 1982 were used for a one-
year simulation. Computational results from CCHE1D
model at four key locations [i.e., the pollutant outputs
including volumetric sediment yield (VSY), total
organic nitrogen loadings (TON), and total organic
phosphorus loadings (TOP)] were recorded and used
for evaluating the environmental score (pollutant
index Ni = 3). The following parameters in the model
were used: xi,k = 0.25, (i = 1, 2, 3, and k = 1, 2, 3, 4),
b1 = 0.4 for VSY, b2, b3 = 0.3 for TON and TOP. Table 2
shows a list of cropping and BMPs (including conven-
tional ⁄ minimal tillage, fertilizer application, winter
weed cover, etc) of four different land-use types. Fertil-
izer application data based on AnnAGNPS guidelines
and database are listed in Table 3 (Vieira, 2004). Net
economic benefits of baseline scenario (Equation 4)
and scenarios after land-use change (Equation 5) were
generated using Table 4, which indicates the opera-
tional cost, production quantity, and returns for four
land-use types (AgEcon Enterprise Budgets, 2005).

RESULTS AND DISCUSSION

The TS heuristic was programmed using Visual
C++ 6.0. The total computational time for the test

FIGURE 3. Land Uses and Four Key Locations of Goodwin Creek Watershed.
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cases considered is around 18.15 hours for 300 itera-
tions on an AMD-Athlon XP 2000+ computer with 512
MB memory. Two separate test cases were conducted;
one is land-use optimization with no target area
requirement, while the other one is with the target
area constraint (Equation 8). It was observed that for
both test cases, the search process rapidly converges
to near optimal solutions as iteration continues.

Figure 4 shows individual pollutant scores for
VSY, TON, TOP, the combined environmental score,
economic score, and the total objective function val-
ues for the watershed as a function of the iteration
number of the TS procedure. It is important to note
that for a given iteration, the plotted values are those
corresponding to the combination which yielded the
best (in this case highest) value of total objective
function obtained so far. An exception to this rule
occurs when a deconstruction takes place. In this
case, the selected previous solution is used for plot-
ting (see iteration number 50). As it can be seen, indi-
vidual pollutant scores for VSY, TON, and TOP, and
the combined environmental score decrease as TS
progresses towards the final optimal land-use plan.
At the same time, the economic score increases, as
more cost-effective land-use scenarios are introduced
in the watershed.

Figure 4 also shows the tradeoff needed between
environmental and economic scores to reach a Pareto
optimal. For example, between iteration numbers 110
and 150, the economic score reaches a plateau and
cannot improve anymore. On iteration 150, the
search algorithm makes a compromise and accepts a
slightly higher (worse) environmental score that does
not violate the constraints. This, however, increases
the economical score. By looking at these diagrams,
the decision makers and stakeholders can decide
whether the proposed tradeoffs are acceptable or not.

Table 5 shows the detailed pollutant reduction and
net economic return achieved by optimizing land-use
plans for the first test case. As can be seen from this
table, VSY, TON, and TOP from the watershed
reduced by 26.1, 33.9, and 33.3% respectively,
whereas the net return increased by 12.6% with
respect to the original land-use plans. Although the
increase in the economic benefits for this particular
case study are relatively small, it is thought that
more significant benefit increases can be obtained
when more realistic land-use plans with cost-effective
BMP options are introduced in the problem.

The final land-use allocation is indicated in Table 6
for the first test case. The solution found by TS algo-
rithm favors soybean among the four designated
agricultural land uses with regards to the original
land-use plan. A total of 27 fields out of 62 fields, cov-
ering about 526.14 ha (56.1% of the total agricultural
land-use areas), are assigned for soybean production
as compared with 13 fields in the original land-use
plan covering 306 ha. The original cotton planting
surface is significantly reduced from 632 to
127.46 ha, and now only occupies 13.6% of total agri-
cultural land-use area.

Figure 5 shows the final optimal land-use plan
after optimization for the first test case. When com-
pared with Figure 3, it is seen that only six fields

TABLE 2. Crop Management Schedule With
Tillage and Fertilizer Application Practices.

Crop Date Practice

Corn 03 ⁄ 01 Chisel plow; operation tillage depth 152 mm,
sweeps fertilizer (13-13-13), 0 mm depth;

Corn 03 ⁄ 28 Plant, operation tillage depth 51 mm;
Corn 09 ⁄ 01 Harvest crop, residue harvested;
Corn 09 ⁄ 02 Winter bromegrass-weed, begin growth;
Corn 12 ⁄ 31 Growth stops.
Cotton 03 ⁄ 15 Chisel plow; operation tillage depth 132 mm,

sweeps fertilizer (13-13-13), 0 mm depth;
Cotton 04 ⁄ 01 Plant, operation tillage depth 31 mm;
Cotton 10 ⁄ 15 Harvest crop, residue harvested;
Cotton 10 ⁄ 16 Winter bromegrass-weed, begin growth;
Cotton 12 ⁄ 31 Growth stops.
Small Grain 06 ⁄ 01 Chisel Plow; operation tillage depth 172 mm,

sweeps fertilizer (13-13-13), 0 mm depth;
Small Grain 06 ⁄ 02 Plant, operation tillage depth 71 mm;
Small Grain 10 ⁄ 15 Harvest Crop, residue harvested;
Small Grain 10 ⁄ 16 Winter Bromegrass-weed, begin growth;
Small Grain 12 ⁄ 31 Growth stops.
Soybean 04 ⁄ 01 Chisel Plow; operation tillage depth 152 mm,

sweeps fertilizer (Pho-Soy), 25 mm depth;
Soybean 05 ⁄ 01 Plant, operation tillage depth 31 mm;
Soybean 10 ⁄ 15 Harvest Crop, residue harvested;
Soybean 10 ⁄ 16 Winter Bromegrass-weed, begin growth;
Soybean 12 ⁄ 31 Growth stops.

Note: Dates are expressed in MM ⁄ DD notation.

TABLE 3. Fertilizer Application
Rate for Goodwin Creek Watershed.

Fertilizer
Name

Nutrient
Description

Mineralizable
Nitrogen (%)

Mineralizable
Phosphate (%)

13-13-13 Nutricote
Total T-180

13 13

Pho-Soy Diammonium
Phosphate

0 74

TABLE 4. Expenses ⁄ Returns for Crops per Acre.

Crop Type

Estimated
Expenses
OCm ($)

Production
Quantity
Ym (bu)

Production
Returns

Bm ($ ⁄ bu)

Corn 352.85 175.00 2.34
Cotton 516.30 Lint: 825 (lb)

Seed: 1729 (lb)
0.64 ($ ⁄ lb)
0.64 ($ ⁄ lb)

Small grain 420.32 150.00 3.22
Soybeans 100.41 40.00 5.77
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remain unchanged. Another interesting observation
is that some new land uses, like corn and small
grains, have also been introduced. This new land-use

plan will not only helps reduce the water quality deg-
radation, but also brings around 233,444 dollars of
economic benefits for the watershed, which is a 12.6%
increase with respected to the original situation
(Table 5). By comparing the final land-use plan in
Figure 5 with the original land-use plan in Figure 3,

FIGURE 4. VSY, TON, TOP, Pollutant Scores Decrease, While Economic Score,
and Overall Objective Function Value Increase as Tabu Search Iteration Continues.

TABLE 5. Optimized Pollutant Reduction Rate, Cost
and Economic Return With Flexible Land Use Options.

Pollutant
Score and
Economic
Return

Watershed
in Its

Original
Condition

After
Optimization

Percent
Change

Volumetric sediment yield 100% 73.9% )26.1
Total organic phosphors 100% 66.1% )33.9
Total organic nitrogen 100% 66.7% )33.3
Economic return ($) 207,372 233,444 +12.6

TABLE 6. Total Area for Agricultural Land
Use Before and After Land-Use Changes.

Type Area (ha, before) Area (ha, after)

Corn 0 141.03
Cotton 632 127.46
Small grain 0 143.37
Soybeans 306 526.14
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the decision maker can also identify the fields that
play the most important role in overall cost-effectives
of the watershed, and that can be used for future
agricultural land-use planning and decision making
purposes.

The second test case involves a policy constraint
(Equation 8), which defines upper limits for the four
designated agricultural land-use types. The imposed
limits are listed in the second column of Table 7 in
terms of both percentage and surface area. The opti-
mization algorithm now tries to find an optimal land-
use plan that not only improves objective function
value, but also tries to satisfy the upper limits for the
surface areas of different land-use types as much as
possible. The third column of Table 7 shows the final
optimal area allocations after optimization. The TS
algorithm still favors the soybean production; 21
fields out of 62 fields choose soybeans, occupying
367.9 ha (39.2% of the total agricultural land-use
areas). But as compared with the first test case, this
increase has been significantly reduced due to the
constraint defining a target surface area for the soy-

bean production. The optimization procedure resulted
in a final solution that assigns the soybean produc-
tion to an area greater than the upper bound. The
exceeding amount, however, has been kept to mini-
mum due to penalization of the objective function.

Table 8 shows the detailed pollutant reduction and
net economic return achieved by optimizing land-use
plans for the second test case. The individual pollu-
tant score like VSY, TON, and TOP, and the com-
bined pollutant score all decreased as iteration
continues. Due to the existence of the target area con-
straints, the net return only increased by 3.6% with
respect to the original land-use plans, which is 9%
less than the first test case. This is because the land
resources are restricted to the upper limits of the
land area.

As agricultural researchers, it is obvious that the
optimization algorithm favor soybean to some extent
in both case studies because soybean minimizes the
environmental score compared with the other three
crops. Firstly, soybean does not need nitrogen from

FIGURE 5. Optimal Land-Use Plans After Optimization for Goodwin Creek Watershed.

TABLE 7. Effect of Upper Limit Area
Constraints on Final Optimal Land-Use Plans.

Type

Upper
Limit %

(area, ha)

After
Optimization %

(area, ha)
Percent

Violations

Corn 20 (188) 19.3 (181) 0
Cotton 30 (281) 27.2 (255) 0
Small grain 20 (188) 14.3 (134) 0
Soybeans 30 (281) 39.2 (368) +9.2

TABLE 8. Optimized Pollutant Reduction Rate, Economic
Return With Constraints of Target Land-Use Area.

Pollutant Score
and Economic
Return

Watershed
in Its

Original
Condition

After
Optimization

Percent
Change

Volumetric sediment yield 100% 79.4% )20.6
Total organic phosphors 100% 63.9% )36.1
Total organic nitrogen 100% 64.1% )35.9
Economic return ($) 207,372 214,853 +3.6
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fertilization because it is able to fix nitrogen from
atmosphere. And secondly, the phosphors fertilizer
for soybean was injected into the soil, whereas phos-
phors were surface-broadcasted for the other three
crops, as indicated in Table 2. Different from nitro-
gen, phosphors is strongly bonded with soil particles.
Hence, phosphors applied in soybean land have much
lower potential for runoff than other crops with
applied phosphors on the soil surface. In a word, fer-
tilization practice determines that soybean has the
lowest environmental score.

The results from the two test cases clearly demon-
strate that the conceptual modeling framework and
the solution methodology described in the present
research perform quite well. Using this approach,
land-use plans can be optimized to achieve simulta-
neously the goals regarding the NPS control and eco-
nomical development. Although the economic module
had to be kept simple due to limited available data,
the conceptual framework and the solution method
served as a useful participatory multi-criteria deci-
sion making tool for optimizing agricultural land-use
planning at the watershed scale. Due to modular
structure of the decision making tool, however, if
needed, more advanced and sophisticated economical
modules can easily be introduced into the solution
procedure.

CONCLUSIONS

Water quality degradation caused by sedimenta-
tion, nitrogen, phosphorus, and pesticides can be
partly attributes to agricultural operations. One of
the IWM approaches, which effectively link agricul-
tural land-use planning including BMPs with envi-
ronment protection and economic development is a
promising direction for long-term sustainable devel-
opment of the region. However, studying all possible
land management strategies on a field-by-field basis
for the entire watershed to arrive an optimal solution
is a daunting task. Developing an efficient optimiza-
tion technique which can be used to select optimal
land-use designs from a large pool of feasible ones
then becomes necessary.

This study established a new conceptual frame-
work which incorporates an integrated modeling sys-
tem with an optimization technique for agricultural
land-use planning with BMPs placement at
watershed level. It demonstrated that the proposed
framework can successfully accommodate a set of
agricultural land-use planning problems, and provide
a participatory decision making platform for multiple
stakeholders of various background to formulate their

own objectives and constraints. The results of the
case study of Goodwin Creek watershed in Missis-
sippi indicate that the methodology proposed is valid,
and can produce optimal land-use plans that not only
improve the environmental quality but also prompt
the economic development under certain constraints
such as policy, social, and land owner’s preferences.

A watershed model AnnAGNPS and a channel net-
work model CCHE1D were linked together to simu-
late the physically based watershed processes and
generated pollutant loads according to a particular
land-use configuration. Both models were developed
by government agencies and are free to obtain. With
user friendly interfaces, both models can be set up
with relatively short time depending on the size of
watershed to be modeled. An economic model was
used to calculate the total watershed cost ⁄ benefits
given such a land-use configuration. All the models
were used in an integrated fashion to provide inputs,
including an environmental score and an economic
score, for evaluating the objective functions in the
optimization module. A set of binary land-use change
variables were defined, and their values indicate
when some fields were selected to make land
changes. During the optimization phase, these vari-
ables were flipped using TS heuristics, which take
advantage of both short term and long term memo-
ries. TS algorithm was found to have great potential
for use in land-use optimization problems. Not only
did it produce optimal solutions within reasonable
timeframe, but also did overcome many difficulties
such as definition, starting solutions, and conver-
gence when GA was applied for the same type of
problem.

In both case studies, the modeling results show
that a given change in land use over the study
watershed provides certain increase in profit. It
would not be difficult to know how this can translate
to an individual land owner. The stakeholders just
need to open the final optimal land-use plan, and find
the land units that land-use changes have occurred.
By comparing the economic profits before and after
the land change, the stakeholder can have a clear pic-
ture of how the total economic benefits could be
translated to each individual land owner. Thus, the
stakeholders and the land owners can work together
to achieve the sustainable development of the region.

Techniques presented in this study provided an
efficient way for the agricultural land-use planning
problems. However, the uncertainties arising from
the parameterization and model processes are not
taken into account because of limited data and infor-
mation. Future possibilities for extending this
research would be to incorporate uncertainties into
decision making process, and to analyze the sensitiv-
ity and risk associated with various parameters of
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simulation models and TS by using Fuzzy Logic
approach. Thus, stake holders from different levels
could discover the data that are available and assem-
ble these data for study of integrated agricultural
land-use planning.
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